Introduction
Biomass burning is widely recognised as one of the critical factors affecting vegetation succession and carbon budgets worldwide (Chuvieco 2008; Thonicke et al. 2010) . At a global scale, the effects of fire on the atmospheric chemistry are very significant as recent studies estimate that the amount of CO 2 released by biomass burning is approximately half (3-4 Pg C) of that released by fossil fuels consumption (Bowman et al. 2009; van der Werf et al. 2010) . At regional and local scale, fires also have important socioeconomic implications, affecting both lives and structures .
Fire is very influential in vegetation succession and distribution. It is a natural factor, as it may be caused by lightning or volcanic eruptions, but since humans have been able to produce fire for their own means, they have extended the influence of fire beyond its ecological limits, transforming ecosystems worldwide (Bond et al. 2005) . Fire has offered human beings a powerful tool not only for their warming and cooking, but also for protection, hunting, land clearing and soil fertilisation (Bowman et al. 2011) . However, fires can also have catastrophic effects on human lives and resources, particularly when severe fire seasons arise, as was the case recently in Greece (2007) , Australia (2009) and Russia (2010) , where overall more than 300 people were killed and 7000 houses destroyed.
Within this context, the value of having better tools for fire prevention and assessment should be emphasised. Fire risk evaluation is a critical part of fire prevention, because pre-fire resources planning requires the use of objective tools to monitor when and where a fire is more likely to occur, or when and where it will have more negative effects. A wide variety of fire risk assessment studies have been published in the last few years (Sebastián-López et al. 2002; Allgöwer et al. 2003; Riera and Mogas 2004; Kaloudis et al. 2005; Amatulli et al. 2006; Stratton 2006; Cooke et al. 2007; Prasad et al. 2008; Beverly et al. 2009; Loboda 2009; Padilla and Vega-García 2011) . They include different spatial scales and variables, and diverse risk schemes. Using a standardised approach would help risk evaluation efforts, facilitating the integration of data and the generation of regional and global assessments .
Concepts involved in fire prevention
The conceptual definition of a fire risk assessment system should include the most relevant components associated with the fire process. Terminology used in fire prevention planning has a long tradition, especially in the US and Canada, but is still quite controversial, especially when comparing its terms with those used in other natural hazards (earthquakes, volcanic eruptions, floods, etc.) . Following the most common terminology used by fire managers, 'fire hazard' refers to the potential fire behaviour associated with the 'static' properties of fuel, regardless of the particular moisture conditions on a given day. The term 'fire risk' refers to the 'chance of fire starting, as determined by the presence and activity of causative agents' (mainly lightning and human factors). The concept of 'fire danger' is broader and describes the 'factors affecting the inception, spread and resistance to control, and subsequent fire damage; often expressed as an index' (NWCG 2003) . Following this approach, fire danger includes various factors: weather conditions, causative agents and even potential damage, but most commonly the latter are not considered in operational fire danger assessment systems (San Miguel-Ayanz et al. 2003) . Some authors are critical of the term 'danger', as its meaning is vague, and suggest fire hazard or fire probability be used instead (Bachmann and Allgöwer 2001) .
In other natural hazards, the term 'risk' commonly describes the convergence of the physical probability that a natural event occurs, and its potential damage to people and the environment (UNISDR 2009). Following this approach, fire risk mapping should include the assessment of values potentially affected by fire. In fact, those values are critical to guide fire suppression efforts (a clear example is when fire occurs in the proximity of urbanised areas). Therefore, the consideration of fire vulnerability (potential effects of fire on social and ecological values) should always be part of fire risk evaluations and would help to align them with other natural hazard assessments.
Several authors have tried to adapt this risk approach to wildland fires (Bachmann and Allgöwer 2001; Allgöwer et al. 2003; Chuvieco et al. 2003) , which implies that fire risk assessment should both include the probability that a wildfire ignites or propagates (which we will name as fire danger throughout this paper), and the expected damages caused by fire behaviour (termed as fire vulnerability). Recent papers on fire risk assessment have incorporated this double evaluation to propose a comprehensive analysis of fire risk conditions (Calkin et al. 2010; Tutsch et al. 2010; , but still much more research exists on fire danger than on fire vulnerability. This paper focuses on developing a method for assessing fire risk conditions using a conceptual scheme that may be applicable at different spatial scales. The paper summarises the procedures to generate all required input variables in a spatially consistent way, as geographical data layers. Finally, the paper addresses the integration of the different input variables into synthetic fire risk indices. This risk assessment system was developed within the scope of a Spanish research project (www.fireglobe.es, accessed March 2012) and includes both fire danger and fire vulnerability (Fig. 1) . It builds upon a previous fire risk scheme proposed by but greatly extends the consideration of the vulnerability components by integrating fire danger and fire vulnerability. Estimation of danger includes the consideration of fuel characteristics, human and natural causes, wind speed, wind direction and slope gradient. Determination of vulnerability includes the estimation of housing prices in the wildland-urban interface (WUI), as well as some ecosystem services and landscape values that may be affected by fire. Because fire damage lasts until pre-fire conditions are restored, our vulnerability assessment includes an estimation of recovery time after fire, based on vegetation and climate-soil properties, as well as fire behaviour scenarios. Extensive use of geographic information technologies (GIT) was made for this project, as all the input variables and the final indices are spatially explicit. This paper presents results of the fire risk index developed at a national scale, with a spatial resolution of 1 km 2 , covering the Peninsular territory of Spain (490 000 km 2 ).
Methods
The development of an operational fire risk assessment system requires three steps: generation of required input variables, proposal of ways to integrate them into synthetic indices and dissemination of indices to forest managers. These three steps require different methodologies, which are summarised in the next sections and in Table 1 . Fire risk indices have many potential uses, the main one being to reduce the negative effects of fire by introducing risk reduction strategies.
Generation of input variables for fire danger
A wide variety of studies has been published in recent decades on methods to generate relevant data for fire risk assessment. To explain them in detail would exceed the scope and appropriate length of this paper. We will briefly review them in the context of the choices made in the current study. All these methods heavily rely on spatial information and therefore the sources of input data are closely linked to GIT; mainly satellite remote sensing and GIS. All variables were mapped at the target resolution of 1 km 2 and georeferenced in the UTM standard projection system (extended zone 30, using the WGS84 ellipsoid).
The influence of human factors on fires can be considered as both a cause and an effect. Studies pertaining to the former aspect are more abundant, because human activities are the most common cause of fires (95% of Spanish fires are human-caused according to national statistics, Martínez et al. 2009 ). Identifying the most important factors involved in fire occurrence has been the main goal of a wide range of studies, commonly based on statistical approaches, which try to explain historical humancaused fire occurrence based on a set of independent variables (Syphard et al. 2007; Archibald et al. 2009; Martínez et al. 2009; Chuvieco and Justice 2010; Padilla and Vega-García 2011) . The consideration of human values in fire risk assessment is more recent and only a few regional studies have identified that the main socioeconomic damages potentially caused by wildland fires are associated with lives, property and environmental services (wood products, hunting, fungi, carbon stocks, recreational, etc.) (Loomis 2004; Venn and Calkin 2009) .
Previous studies in several Spanish regions ) demonstrated the importance of taking into account regional variation in human factors when explaining fire .
occurrence. This spatial diversity may be approached either by creating different models for specific types of region (moreor-less urbanised, for instance) or using spatially explicit statistical tools. We have chosen the latter approach by using geographically weighted regression analysis (GWR) (Fotheringham et al. 2002) to model human patterns of fire occurrence in the study area. We used the logistic regression model of GWR (LGWR), as logistic regressions have been previously used to model human-caused fires (Martínez et al. 2009; Preisler et al. 2011) . Modelling with LGWR methods required us to first generate spatial distributions of both dependent (high or low fire occurrence, defined by a threshold of fires km À2 ) and independent (explanatory) variables at 1-km 2 resolution. Fire occurrence was computed from national fire statistics for the 1988-2007 period, selecting those fires larger than 1 ha. The LGWR model was built with 60% of the sample for calibration and the remaining 40% for validation. The calibration was based on adaptive kernels to obtain the optimised bandwidth through cross validation (Fotheringham et al. 2002) . To determine the variables that would eventually be included in the final model, an initial LGWR model including all the considered variables was established, discarding in the final model those variables that either were not significant (P . 0.05), or whose explanatory sense was not consistent with what would be expected based on prior experience and expert opinion. The validation was based on local determination coefficients (R 2 ) obtained during the calibration of the model. The local R 2 values provided a first assessment of the degree of fit of the LGWR model. The overall percentage of successfully classified points and the degree of agreement according to the value of Cohen's kappa (Congalton and Green 1999) were also calculated using the validation sample.
Even though fires caused by lightning are less frequent they cannot be underestimated, particularly in some regions of the world with low populated areas (i.e. where human-caused fires are less likely, e.g. .30% of fires in the boreal forest are caused by lightning strikes) (Stocks et al. 2003; Krawchuk et al. 2009 ). To include this variable in fire risk models, a good knowledge of spatial distribution of lightning strikes is required, as well as an understanding of why a strike becomes an ignition point (Renkin and Despain 1992; Dissing and Verbyla 2003; Larjavaara et al. 2005) . As with the human component, our approach to estimating the probability of naturally caused fires was based on empirical methods. Historical patterns of lightning ignitions were related to potential explanatory factors such as the type of lightning strike (whether or not it was associated with rainfall, its polarity, etc.), the slope and elevation, the climate of the affected area, the type of fuel receiving the strike and its moisture content. Logistic regression analysis was used to calibrate models. Climate type, dead fuel moisture content and lightning strikes were found to be the most significant variables in the model (Pacheco et al. 2009 ).
Fuel moisture content (FMC, commonly expressed as percentage of dry weight) is a critical variable for fire ignition and propagation, as it regulates the ignition delay and the amount of energy available for combustion. Consequently, all fire risk assessment systems include, in one way or another, this component. Most commonly, the estimation of FMC is based on weather temporal trends, combined through moisture codes.
The best known are those that try to estimate FMC of dead fuels (the materials lying on the forest floor), which are drier and more prone to ignite. The Canadian Fire Weather Index (FWI) and the US National Fire Danger Rating System (NFDRS) estimate FMC of dead fuels using a combination of temperature, relative humidity, rainfall and wind, and compute different indices depending on fuel particle size (Viney 1991; Camia et al. 2003) . The spatial estimation of these indices is commonly based on interpolation techniques or on gridded, forecasted data. For this project, we have relied on empirical fittings based on field work and meteorological data, which show a good prediction accuracy (RMSE ,4% of FMC) for the 10-h code of the NFDRS (Aguado et al. 2007 ). The functions were calibrated and validated for central Spain and then applied to the whole country, based on daily forecasted data (forecasts were available at 0600 hours and they predicted the situation at 1200 hours).
The FMC of live species is not commonly included in fire risk assessment, as it is more difficult to estimate from meteorological data than is dead fuels moisture. Live plants have their own mechanisms to adapt to water shortage so the same meteorological conditions may affect different species in a very different way. Although some studies have tried to estimate live FMC from meteo codes (Viegas et al. 2001; Castro et al. 2003 ) the most reliable approach nowadays relies on satellite images. As fuel dries, reflectance increases in the water absorption bands (between 1200 and 2400 nm) and temperature increases as a result of reduced evapotranspiration. Both effects are evident from satellite observation (Ceccato et al. 2003) . Additionally, many plants reduce chlorophyll activity when drying, which is also observable in the red and near infrared bands (Paltridge and Barber 1988) . Estimations of live FMC from satellite data have used both empirical and simulation methods (Zarco-Tejada et al. 2003; García et al. 2008; Yebra and Chuvieco 2009 ). We generated live FMC maps from the inversion of simulation models, as this approach provided accurate results in previous projects dealing with Mediterranean grasslands and shrublands (Yebra and Chuvieco 2009 ). We have extended this approach to Mediterranean woodlands, as well as to grasslands, shrublands and woodlands of the more humid Eurosiberian ecosystems of Northern Spain. Rainfall in the Spanish Mediterranean regions ranges from 400 to 500 mm and reaches 2000 mm in the northern part of the country. In both climate units, the input data were from the MCD43A4 product (http://modis-land.gsfc.nasa.gov/brdf. html, accessed March 2012), obtained from Terra-Aqua MODIS images received by the MODIS reception antenna installed at University of Oviedo (http://www.indurot.uniovi.es, accessed March 2012). This product is computed every 8 days from 16 daily images, has 500-m spatial resolution and includes the correction of the off-nadir observations (Schaaf et al. 2002) . The estimation of FMC relied on comparing the actual reflectances from the MCD43A4 product to the reflectances simulated using the Prospect, Sailh and Geosail radiative transfer models (Jacquemoud et al. 2009 ). Parameters for these models were derived from field work and laboratory measurements, including the main species of both Mediterranean and Eurosiberian Spanish territory (Jurdao et al. 2012) . Two different simulations were performed for these two regions considering the ecological conditions of the region in order to avoid unrealistic simulations that may introduce external noise (Yebra and Chuvieco 2009 ). Estimation errors were assessed by comparing results with FMC measurements taken during fieldwork undertaken in both ecoregions.
Fire propagation modelling is a rather complex topic that has been extensively covered in the forest fire literature (Sullivan 2009 ). Propagation models typically consider specific weather and fuel conditions,and are aimed to simulate dynamic processes. To include the propagation potential in our fire risk assessment, we approached propagation modelling in a more structural way, by computing standard propagation conditions for worst-case scenarios. Fireline intensity (FI) was calculated for every pixel in the study site using the FlamMap model (Finney 2006) . The FI is the amount of heat released per unit of fire front per second, and it can be related to the difficulty of containment of the fire (Rothermel 1983, 
Generation of input variables for fire vulnerability
Fire vulnerability included the evaluation of both socioeconomic and ecological potential damages. In previous projects we used a qualitative method to integrate different vulnerability factors, but further development makes it now possible to provide quantitative estimates based on monetary units (h km
À2
). For this purpose we have calculated potential losses caused by fires as the reduction of value (marginal loss) that would occur when an area is burnt (Román et al. 2012) . Because those losses remain a feature of the landscape until pre-fire conditions are restored, reduction of values was integrated throughout the estimated recovery time. As the importance of present values is higher than it is for future ones (future benefits tend to be considered more elusive), the equivalent present value of marginal losses was estimated through the application of a social discount rate. A discount rate value of 2% was selected as it is a common value in the economic valuation literature (Azqueta 2007) . In order to avoid long-term effects becoming irrelevant, a hyperbolic factor was introduced in the marginal loss equation, so that the penalty applied to the future tends asymptotically to zero (Azqueta 2007) . This is done by introducing the Neperian logarithm instead of the absolute number of years for recovery. In this way the present marginal loss PML was computed as:
where ML is the marginal loss, r is the discount rate (2%), and n b is the estimated recovery time. Both ML and n b were estimated at the same spatial resolution of our GIS fire risk system (1 km 2 ). Obviously, the gravest effect of fires is the loss of human lives, and therefore this aspect should be taken into account for fire vulnerability assessment. However, because fire casualties are not linked to particular areas of the territory, it is very difficult to include this concept in spatial risk assessment, especially when trying to map spatial variations of vulnerability. Therefore, the direct effects of fires on human lives and property was focussed on the WUI, which is defined either as the contact between urban and forested areas, or where both are intermixed (Radeloff et al. 2005) . WUI areas usually suffer the most severe damages during a fire, as recent cases in Australia, Russia, Greece and Southern California have shown. Additionally, WUI increases fire ignition probability, as many fires are caused by accidents or carelessness in these areas (Syphard et al. 2007) .
We mapped WUI for the Spanish Peninsular territory based on the Corine Land cover map (Büttner et al. 2000) . Urban areas were selected from Corine category 112: discontinuous urban fabric, which includes 'building, roads and artificially surfaced areas with vegetated areas and bare soil, which occupy discontinuous but significant surfaces' (Bossard et al. 2000) , at the original spatial resolution of 1 ha. Neighbour analysis was performed to select only those areas that were closer than 100 m to trees or shrublands, which were considered a first approximation to the WUI for the whole country. The value of the WUI for each cell was computed from the house prices (h) of each municipality, whenever available, or the closest municipality otherwise. The total value of each cell was computed by aggregating WUI values of all 1-ha cells to the target grid size of 1 km 2 . In this case, the marginal loss was not integrated through time (Eqn 1), as it is a one-time loss of capital.
The productive function of forests included the provision of wood, firewood, pine nuts, cork and pasture. The value of wood and firewood was calculated for each tree species and region as the product of its price and the production quantity. Pine nuts and cork production value was calculated by region by multiplying the production volumes and prices. Average productivities were computed from forest and bioclimatic maps, taking into account that potential production is constrained by technological, economic and ecological limits. A different market price approach was used for the valuation of livestock production. As the productivity of forests providing pasture decreases with the presence of trees and the competition of hunting population for food, the value was computed from rental price of shrub-grass area dedicated to pasture and a function of the canopy cover fraction (CCF), which varied regionally.
The recreational function of forest is quite complex to value in monetary units. The benefit transfer method was based on different published studies available for Spanish forested areas. Functions were adjusted based on the recreational services provided by a specific forest (h km À2 ), by finding relationships with the forest size, vegetation density (CCF, %), landuse class, observed demand (effective number of visitors) and selfconsumption possibilities (represented by the population around the forest). Values provided by the literature are usually expressed as willingness to pay (WTP) per visit. They were converted into final values with data on the number of visitors and the area of each forest. Hunting and fishing values were computed from market prices and capture statistics available by autonomous regions.
The average accumulated biomass per species and region was computed using estimates of carbon stocks and forest maps (Montero et al. 2005) . According to recent data, the price of an emission permit is ,35 h Mg À1 (http://www.pointcarbon.com/ research/carbonmarketresearch/analyst/1.1414367 accessed March 2012), which we took as a basis on which to compute the value of carbon stock (h km À2 ). Table 2 summarises the different valuation methods used for the socioeconomic vulnerability analysis.
The ecological vulnerability was assessed in terms of the intrinsic value of the landscape and conservation areas. This component of the fire risk assessment considers intangible values, those that are not valued in market terms, but because of social interest in protecting particular areas due to their beauty, uniqueness or singularity. Conservation areas were extracted from the Spanish Ministry of Environment's database, which includes national and regional parks, natural reserves, Nature2000 network sites, European conservation sites and public forests. The intrinsic value of the landscape was based on five variables: geomorphology and land cover factors which together determine visual quality (Arriaza et al. 2004) , singularity, representativeness and diversity. To compute the synthetic value of the landscape, a greater weight (50% more) was assigned to the conservation areas than to the intrinsic value.
Both the socioeconomic and landscape evaluation required estimation of the time needed for any cell of the study area to return to pre-fire conditions. Obviously, regeneration after fire is closely linked to ecological conditions of the affected area, and to fire propagation conditions, particularly fire intensity and residence time. The former was assessed spatially by analysing vegetation resilience, soil and climate conditions (Fig. 2) . Resilience was characterised by structure (forest, shrubland or grassland) and reproductive strategy (resprouter or seeder). Both were derived from the Spanish Forest map (MMA 1997) . Recovery time estimation was based on assigning an initial recovery time, considering optimal conditions for vegetation development. This base regeneration period was modified by taking into account the influence of vegetation growth constraints, i.e. water availability, soil loss and rainfall trends. The influence of water availability and soil erosion was introduced as a weight factor of the initial recovery time. In turn, seasonal rainfall trends, specifically winter and summer trends, were introduced by weighting water availability and soil loss. The overall procedure is summarised as:
where RT is the recovery time, RTOC is the recovery time in optimum conditions, T Fw is the time increase from water availability, T w is the winter rainfall trend weight, T Fe the time increase from soil loss and T a is the autumn rainfall trend weight. Once again it should be emphasised that this RT is not a category value, but an estimate of the time required to return to pre-fire conditions.
As stated above, in addition to vegetation characteristics, soil and rainfall conditions constrain the recovery of pre-fire conditions. We characterised structure and reproductive strategy of more than 500 species, assuming the revegetation process would occur under optimal conditions. This estimation was then corrected depending on water availability and potential soil erosion. The former was based on a biogeographical map (Rivas and Gandullo 1987) that classifies the country according to average rainfall conditions (arid, semiarid, dry sub-humid, humid and hyper-humid). The soil erosion analysis was based on the Pan European Soil Erosion Risk Assessment model (PESERA (Kirkby et al. 2004) . This model quantifies water soil erosion at a European scale through a simple conservative erosion model, which is broken down into components that 
Integration methods
Once the input fire risk variables were generated, they were combined into synthetic fire risk components, following the risk scheme previously described. In order to do so, the input variables need to be converted to a common risk scale, and then be properly weighed. The most common methods to obtain common scales for risk integration are normalisation, qualitative categorisation and probabilistic approaches . All fire danger input variables were converted to a common probabilistic scale (0-1) following the statistical logistic functions in the case of the human and lightning factors (see Fig. 3a, b) , and a physical model to convert FMC to ignition probability (IP) based on the moisture of extinction (Chuvieco et al. 2004) (Fig. 3f ) . For the conversion of FI to propagation probabilities (PP) (0-1) the threshold values for fire suppression proposed by Rothermel (1983, table 4-1) were used. These FI values suggest thresholds that indicate whether a fire can be attacked with handtools alone, if mechanical equipment can be effective in fire containment, or if the fireline intensity is high enough that control efforts at the head of the fire are expected to be ineffective. The FI values obtained from the map were linearly interpolated from a PP of 0 for FI of 0 kW m
À1
, increasing linearly within the thresholds (with PP ¼ 0.33 for FI ¼ 350 kW m À1 and PP ¼ 0.66 for FI ¼ 1700 kW m À1 ), and reaching a PP of 1 for pixels where FI $ 3500 kW m À1 (Fig. 3h ). For the fire vulnerability components, the common scale for integration was the use of monetary units, which are easily interpreted by fire managers. The three components of our vulnerability assessment (houses and infrastructure, ecosystem services and landscape values), were computed in euros per square kilometre (Fig. 3k-n) . As previously stated, this evaluation is simpler for those values with a market appreciation, but is more controversial when non-market aspects (cultural or ecological values) are considered.
Once the risk variables had a common scale, integration of the causative agents (human and lightning, Fig. 3c ) was achieved using the Kolmogorov probabilistic rule (Tarantola 2005) , which indicates the joint probability of two independent events. For instance, the IP derived from causative agents P(Ca) was computed as:
where P(H) is the IP estimated for human factors and P(L) is the IP estimated for lightning. The integration of IP of live and dead FMC (Fig. 3f ) was performed by a weighted average of both IPs by the corresponding cover of dead and live fuels. For the integration of IP related to causative agents and to FMC (named 'synthetic IP'), as well as for the combination of ignition and propagation probability (the 'integrated danger'), we used a multicriteria evaluation technique following experiences from previous projects ). Higher weights were used for the most dynamic components (related to FMC), as they changed daily or every 8 days, whereas human and lightning IP and propagation potential were assigned lower weights, as they were considered constant during the fire season.
The final fire risk was obtained by combining the integrated danger and the integrated vulnerability by means of a qualitative cross-tabulation method. A final two-digit number represents the fire risk, where the first digit corresponds to the fire danger, and the second to the vulnerability (see map legend in Fig. 3q) . A look-up table was developed to show graphically the fire risk, with a green to yellow scale to represent danger (from 0 to 9), and light to dark green representing vulnerability (from 0 to 9). Red would imply high values of both danger and vulnerability.
Validation approaches
The validation of the fire risk system includes two phases. The first one focuses on the assessment of the input variables to determine whether or not they are accurately estimated, by comparing the results with actual measurements of each variable. The second one concerns the integrated indices, and it compares their estimated risk values with actual fire occurrence. Both aspects should be clearly identified, as underperformance of the risk indices may be caused either by inaccurate input variables (for instance, errors related to fuel maps or fire behaviour models) or inappropriate integration methods (giving a higher weight to a less relevant factor).
For this project, each input variable was validated against independent measurements (for instance FMC estimates were compared with field measurements), whereas the integrated indices were assessed against fire occurrence. Because some indices were associated with fire ignition and some to fire propagation, two indicators of fire occurrence were used: fire ignition points for the former, and burnt land maps for the latter. Ignition points were derived from Spanish fire statistics (compiled from fire reports), whereas burnt area perimeters were obtained from the European Forest Fire Information System (http://effis.jrc.ec.europa.eu/, accessed March 2012), using satellite images. Two different time series of validation data were used; one for dynamic variables (FMC for dead and live fuels and the integrated indices where FMC is included), which covered the fire season of 2010 (the last one available) and one for static variables (causative agent and propagation danger), which includes data from 2008 to 2010. Box plots and a non-parametric test (Mann-Whitney U) were computed to test significant differences between cells with and without fires.
Because fire vulnerability is an estimate of potential damages to socioeconomic and ecological assets, it cannot be validated either with ignition points or with fire perimeters. Estimates of actual damage caused by fires are not yet routinely collected in Spain, and therefore our estimates cannot be compared with Hother sources. However, the generation of the vulnerability layers was based on well-structured methods of economic and ecological analysis, as explained earlier.
Dissemination fire risk maps
Our project was designed to maintain a fluent collaboration with end users, who were mainly fire managers from the regional or national administration. To facilitate their interaction with the project outputs, a dedicated web mapping service was developed (http://www.fireglobe.es/, accessed March 2012), and included all the input risk variables and integrated indices. This service was tested during the fire seasons of 2010 (June-September) and 2011 (July-November) and was successfully evaluated by the end users. Furthermore, all the variables could be downloaded by end users through FTP (file transfer protocol). Two dedicated workshops were held with end users to analyse critically the performance and structure of the preliminary versions of the fire risk system. Fig. 3 shows an example for a single day during the summer of 2011 (12 July, which corresponded to medium-high danger conditions) of all variables generated to obtain the fire risk index, as well as the synthetic indices themselves. The modelling of the human-caused fires showed the importance of the crop-forest interface, particularly in the north-west and the borders of mountain areas. However, the WUI was found to be highly relevant in the central area (in the surroundings of Madrid) and the Mediterranean coast, where the urban sprawl is more evident. Both WUIs and crop-forest interface interfaces were the most explanatory according to the Student t-test (P , 0.05). The average local R 2 was 0.7, with a range between 0.19 and 0.85. The global agreement between estimated and observed human-caused fires was 87% (Table 3 ) with a kappa value of 0.73.
Results

Validation of input variables
Regarding the 5198 lightning-caused fires, our model correctly predicted 63.5% of the calibration sample (60% of total number of fires) and 64.2% of the remaining 40% used for validating the model. The variables included in the model were number of strikes, climate types, and the DMC moisture code. Because the lightning strikes database covers only a brief period , the model may be considered a preliminary one.
The estimation of FMC provided low RMSE values for live fuels (between 20 and 40%), higher values for grasslands (particularly when grass had high values of FMC) and lower for shrublands (Table 4) . RMSE for woodlands had intermediate values. It is important to emphasise that errors were lower for drier fuels, which is very relevant for fire risk assessment, as lower FMC values are more related to fire ignition and propagation. The division between all samples and dry ones was based on the moisture of extinction (ME) for each fuel type, which is considered as the moisture threshold above which fire cannot be sustained (Rothermel 1972) . In all cases, the systematic error (RMSEs) was lower than the unsystematic one (RMSEu), which implied that the error caused by the model performance and the predictor was lower than the error caused by uncontrolled factors.
Results from the fire vulnerability analysis suggested a recovery time for the Spanish peninsular ecosystem ranging from 2 years for grasslands to more than 67 years for treecovered communities with low germination (Fig. 3j) . However, there are significant contrasts in the geographical distribution of regeneration time, mainly among Eurosiberian and Mediterranean biogeographical regions. With regard to the economic valuation of the landscape, the lowest values were found in the north-western and interior ranges, foothills, coastal plains and some inland basins and depressions. The highest values were found in the northern alpine rangelands due to the presence of several natural protection areas and also to its high visual quality.
In terms of socioeconomic vulnerability, the most critical areas were found to be those at the WUI, because of the high values of houses potentially affected by fires. The WUI areas were mostly located in the vicinity of the largest cities (Madrid and Barcelona) and along the Mediterranean coast, a pattern that reflects the spatial distribution of the capital invested in real estate in continental Spain. The ecosystem function that will be most relevant in terms of potential losses is reduction of carbon sinks stored by forests. The next most relevant is loss of leisure opportunities in the environment provided by forests. Aggregated losses of timber and non-timber goods are less relevant in terms of economic values, but they have an important effect on local economies, as they are spatially more concentrated.
Validation of synthetic indices
The static variables (those not changing daily) showed less discrimination capacity than did dynamic variables. However, the causative agent, which was computed from human-and lightning-based ignition probability was found to be clearly associated with fire occurrence, showing significant differences between burnt and unburnt cells (P , 0.01). For propagation danger, differences were also observed, but they were not significant (P . 0.36).
For the dynamic variables, the ignition probability of the FMC was found to be highly significantly related to fire occurrence (P , 0.001), particularly for the dead fuels (Table 5 ). The integrated fuel ignition probability (including both live and dead fuels) was also found to be significantly related to ignition points, as well as ignition danger (causative agent and FMC) and integrated danger (ignition and propagation probability). It is worth noting that integrated danger was also found to be significantly related to burnt area perimeters (P , 0.001), which is in agreement with expected results, because integrated danger includes both ignition and propagation components.
Conclusions
This paper has presented a pre-operational fire risk assessment system that includes a wide range of variables related to the different components of fire risk. The system relies on GIT to provide a spatial evaluation of fire risk conditions, and it includes both danger and vulnerability components, offering a quantitative approach to model spatial variations of fire risk conditions. Conceptually, the system may be applicable at different spatial scales, from regional to global, depending on the availability of input datasets. The main novelties of the system are the integration of causative agents with moisture content of fuels and propagation potential, the quantification of values at stake, and the spatial assessment of fire risk conditions. Preliminary validation of the integrated fire risk components shows expected trends, as the danger indices provided significant differences between the areas affected and non-affected by fires. Further efforts are required to extend this validation period to other fire seasons. Fire vulnerability components were not quantitatively assessed, because Spanish fire reports do not account for long-term damages. However, 10 fire managers attending a dedicated workshop where the whole fire risk system was assessed greatly appreciated the vulnerability information, as it helped them to better organise fire suppression resources.
Within this paper, two variables were modelled using a temporal approach (FMC of dead and live fuels), whereas others were considered static for the fire season. In future developments, we will try to model all variables in a dynamic way, including human and propagation factors, which will also affect the modelling of potential damages by providing more detailed estimates of fire behaviour conditions. 
